This research focuses on macroeconomic risk factors pertaining to the various types of real estate exposure, i.e. direct, listed and non-listed investments. We apply panel model techniques which make it possible to take advantage of both the cross-sectional and time series dimensions of our data. Much emphasis is placed on comparing sensitivities to risk factors across the types of real estate exposure. This is important in order to assess whether indirect (listed and non-listed) exposures react in the same way as direct investments to the macroeconomy and how well such investments replicate direct real estate behavior. The empirical analyses are conducted using U.S. data from 1984Q1 to 2016Q2. Allocations both by sector and geography are considered. For indirect exposures, we also control among other things for size and leverage. The various types of real estate exposure generally respond similarly to risk factors with GDP, money supply, construction costs, expected inflation, and expected economic activity positively impact returns, while the term and credit spreads, unemployment, and unexpected inflation negatively affect returns.
Introduction
Non-listed real estate funds have developed considerably over the last decades and according to the Association of Real Estate Funds (AREF) 1 , which rely upon Property Fund Research (PFR) data, the Gross Asset Value (GAV) of such funds worldwide amounted to $ 2,128 billion as of 2014Q4 with $ 602 billion for North American funds. Non-listed funds are appealing alternatives to direct real estate investments because, on the one hand, investors can achieve a real exposure with a limited amount of money and, on the other hand, funds benefit from the expertise of fund managers. Whereas funds share those advantages with listed investments such as Real Estate Investment Trusts (REITs), they will not be exposed to stock market noise given that they do not trade on an exchange. Against this background, several important questions must be answered to help investors and other stakeholders make relevant decisions. Indeed, it would be useful to know to what extent non-listed real estate funds behave like the underlying real estate markets, whether their returns respond similarly to changes in the economic context, and what the linkages with other exposures to real estate and the macroeconomy are. The present paper aims to expand the rather scarce literature pertaining to non-listed real estate funds by addressing some of those questions.
In this study, we consider U.S. real estate markets over the period 1984Q1 to 2016Q2.
We first aim at identifying how real estate fund performance is determined by specific fund characteristics and how it is influenced by the macroeconomy. We conduct a corresponding analysis for direct and listed real estate. We test for the effects of the GDP, expected inflation, the inflation surprise, the money supply, construction costs, the expected economic activity, interest rates, unemployment, the term and credit spreads, and stock returns and volatility.
Return differences across sectors and regions are also investigated. For non-listed funds and listed companies, we also control for the effect of leverage and size on returns. In addition, the price-earnings ratio (PER) is included in the analysis for REITs as a proxy for the value/growth factor. These analyses are conducted using panel data models allowing for random effects. The dynamics between real estate exposures, macroeconomic risk factors, as well as other asset classes are also investigated in the framework of Structural Vector Auto
Regressive (SVAR) and Structural Vector Error Correction (SVEC) models.
We consider the smoothing bias inherent to using appraisal-based direct and non-listed data. We consider the standard desmoothing method proposed by Geltner (1991) Geltner & Webb (1994) , its regime-switching extension developed by Lizieri, Satchell & Wongwachara (2012) , as well as a combination of those methods and robust filtering techniques that we introduce. We select the preferred desmoothing method as the one which best replicates the return distribution characteristics of those of transaction-based direct indexes.
The paper contributes to the extant literature in several ways. First, we propose an improvement in the desmoothing techniques for appraisal-based direct real estate series which proves particularly useful in dealing with unusually large returns. Second, we transpose the desmoothing techniques to non-listed real estate fund data. Third, we consider the effects of a wide array of macroeconomic factors on non-listed fund returns using data for a long time period which includes the Global Financial Crisis (GFC). Finally, we compare the results for non-listed funds with those for direct and listed real estate, thus providing for a much better understanding of the nature of the three types of real estate exposure which should prove particularly useful in optimizing the real estate component of a portfolio.
The remainder of the paper is structured as follows. After the literature review in Section 2, we present the details of our method for desmoothing and for the risk factor analysis in Section 3. Our data are presented in Section 4 while descriptive analyses are discussed in Section 5. Section 6 contains our results while a final section contains some concluding remarks.
Literature Review
Of the three main ways of gaining exposure to real estate (directly, by acquiring REIT shares, and through non-listed funds), the latter route has been the least extensively investigated in the literature, mainly due to data limitations. A body of the literature focuses on measuring the performance of funds across various characteristics such as investment structures and/or styles, also looking at how fund performance compares with the performance of other asset classes such as stocks and whether there is evidence of managerial performance persistence. Bond & Mitchell (2010) show that only a few managers of U.K. funds are able to deliver positive alpha. Geltner, Gerardo-Lietz & Hahn (2005) report evidence of managerial performance persistence for a sample of U.S. opportunity funds. Controlling value-added and opportunity fund returns for geographic allocation and vintage, Aarts & Baum (2016) also conclude that there is a short term persistence of fund performance across global funds with the same manager, but a reversal of performance in the long term. Comparing core, value-added and opportunistic U.S. non-listed funds, Shilling & Wurtzebach (2012) conclude that the latter two categories outperform core investments mainly due to favorable market conditions and the possibility to access cheap debt. In contrast, from an international perspective, Fisher & Hartzell (2016) conclude that fund investment style (value-added vs.
opportunistic) does not help explain returns. Fisher & Hartzell (2013) conclude that U.S.
value-added and opportunity funds outperformed the stock market for vintages prior to 2004
but not for more recent years. In, addition, funds are found to underperform direct real estate as well as REITs.
A number of studies further analyze the impacts of fund characteristics on performance, as well as that of various risk factors. Tomperi (2010) finds that U.S. valueadded and opportunistic fund performance is positively linked to size and that emerging funds are more likely to produce high returns. Farrelly & Stevenson (2016) identify a negative influence of size and a positive effect of sector specialization, as opposed to sector diversification on U.S. value-added and opportunistic fund returns. In addition, total vintage year capital flows are negatively linked to performance and there is limited evidence that geographic focus can be detrimental. The authors find no significant impact for managerial track record. Anson & Hudson-Wilson (2003) illustrate that leverage should be used with moderation in order to optimize performance relatively to risk. Case (2015) controls for investment style of U.S. funds and reports that leverage has such large negative effects during the few down market periods compared to the small positive effect during the up market periods that the impact is eventually negative (see also Alcock, Baum, Colley & Steiner, 2013 , who additionally control for the corresponding real estate market with an international perspective). Investigating the impact of leverage over the long run, Baum, Fear & Colley (2011 , 2012 also conclude that leverage has generally a negative impact on European fund returns.
Our study is most closely related to a limited number of papers whose focus has been to examine the risk factors of non-listed real estate funds. Using European data, and Fuerst, Lim & Matysiak (2013) conclude that the most important determinants of fund returns are the geographical and sectoral focus of investments, while leverage also plays a role with an asymmetric effect depending on whether the fund is making gains or losses. They also find a positive link with size as well as GDP, bond and stock markets, but a negative one with fund's age. Delfim & Hoesli (2016) analyze risk factors of core and value-added European funds and report that both fund characteristics and country specific macroeconomic variables help explaining returns. Rather complex relationships with size and leverage are found, suggesting an optimal fund size and an optimal leverage level.
Vehicle structure is also been found to be of importance, especially during down markets.
They further document positive impacts of the GDP, inflation, money supply, and stock market excess returns, as well as negative impacts of interest rates. Similar responses to macroeconomics for the three exposure types (direct, listed, and non-listed) are found, although responses are of greater magnitude for REITs than non-listed and direct real estate. Pedersen, Tiwari & Hoffman (2012) find that core, value-added, and opportunity fund returns as well as REIT returns in the U.S. are all positively linked to the stock market, the credit spread, liquidity, and a common real estate factor. Core, value-added and opportunity funds are less, equally and more responsive, respectively, than REITs to these factors.
In contrast, much more research exists on listed and direct real estate investment performance and risk factors. For international REIT returns, Edelstein, Qian & Tsang (2011) and Pavlov, Steiner & Wachter (2015) identify importance of governance, legal and accounting principles, as well as the local credit market conditions, in addition to positive links with GDP and inflation and a negative one with term spread. find linkages between REIT returns and the GDP, interest rates, the term spread, stock returns, as well as country, size, and leverage. Ro & Ziobrowski (2011) conclude for the U.S. that specialized REITs do not outperform diversified REITs but have higher volatility. This contrasts with the aforementioned result of Farrelly & Stevenson (2016) for real estate funds. Chung, Fung, Shilling & Simmons-Mosley (2016) find that the implied volatility is negatively linked to current and future returns, but positively linked to future implied volatility, in the U.S. .
Controlling for Fama-French and momentum factors, as well as liquidity, inflation, and crisis periods, Giacomini, Ling & Naranjo (2015) report that leverage usually has a positive impact on international REIT returns but a negative one during downturns.
Regarding direct real estate, Ling & Naranjo (1997) find positive impacts on U.S. real estate returns of per capita consumption and negative sensitivities to short-term interest rates, the term structure, and unexpected inflation. A comparison with REITs shows same signs for those variables. Using data for the U.S. and the U.K., Hoesli, Lizieri & MacGregor (2008) also document positive linkages with GDP and emphasize the role of direct real estate as an inflation hedge contrasting with the so-called perverse inflation hedge of listed real estate.
Location and sector are found to be important in Lee (2001) Concerning the linkages between real estate exposures, Ang, Nabar & Wald (2013) find a common factor in public and private U.S. real estate markets. Ling & Naranjo (1999) report that U.S. listed real estate and the stock market are integrated, while this is not the case for direct real estate and the stock market. Hoesli, Oikarinen & Serrano (2011 , 2015 , Boudry, Coulson, Kallberg & Liu (2012) , and focus on the linkages between U.S. direct and listed real estate and conclude that a cointegrating relationship between both exposures exists with short run dynamics indicating that listed real estate leads direct real estate. Authors usually consider sector level indices and control for several exogenous variables such as the GDP, stock returns, inflation, short-term interest rates, the term and credit spreads and consumer confidence. In an attempt to determine if real estate private equity is more real estate or private equity, Anderson, Krautz & Rottke (2016) conclude that U.S. real estate value-added and opportunistic fund returns are more closely related to direct real estate than to private equity in the long run, while in the short run opportunity funds are cointegrated with both and value-added funds only with private equity market investments. A positive relationship between non-listed and direct real estate is also reported by Delfim & Hoesli (2016) who additionally highlight such a relation between nonlisted and listed investments. 
Method

Desmoothing and the Robust Filter
Most direct real estate indices are appraisal-based. Also, non-listed fund return series are largely based on NAVs which also rely on the periodic appraisal of properties. Hence, direct and non-listed real estate returns are likely to suffer from the well-known smoothing and lagging bias. This lowers artificially the observed volatility and could lead one to believe those investments are less risky than they actually are. This phenomenon has been explored quite extensively in the real estate but also in the private equity literature (Geltner, 1991; Cumming, Hass & Schweizer, 2013) . In order to overcome this issue several methodologies have been proposed. The most common one is exposed, for example, in Geltner (1991), Fisher, Geltner & Webb (1994) as well as in Marcato & Key (2007) . This methodology considers that the current observed appraised value depends partly on the past appraised values and on the current public information available. This feature comes from the fact appraisers tend to significantly rely on the values they produced during the previous periods, adjusting them with respect to the current market environment. Then, the current appraised value can be written as follows:
with the current appraised value, −1 the appraised value of the previous period, the unobserved current market price that should prevail due to the market conditions, the proportion of the current appraised value that relies on the previous appraised value (the (de)smoothing parameter). Following the same reasoning and using logarithmic approximation, one obtains the smoothing equation by rewriting equation (1) in terms of returns as:
with the appraised return observed at time t measured on the appraised values of t and t-1, −1 the appraised return for the previous period and, , the return that should prevail with respect to the variation of the unobserved market price. This equation can be rewritten in order to express the actual market return as a function of appraised returns:
According to this equation, as and −1 are known the only unknown that must be estimated is . Estimating requires to make some assumptions. These assumptions particularly pertain to the way the actual unobserved market return is generated. As reported in Lizieri, Satchell & Wongwachara (2012) , these returns are commonly assumed to follow an AR(1) process, such as:
with the autoregressive coefficient of the model, the constant term and the error term at period t. Of course, a more sophisticated return generating process could be chosen among the ARMA(p, q) family. By substituting equation (3) in equation (4) one obtains another representation of the appraised return process:
with given values of and one can estimate ̂ as:
Once the estimate is obtained, one computes , with t=1:T, using ̂ in equation (3).
Then, with this series and relying on equation (4) we estimate new values ̂ and ̂ as:
These last two estimates feed into equation (5) and the procedure is repeated until convergence. As this classical desmoothing model relies on AR processes in both the smoothing equation (2) and return process (4) we can refer to it as the AR-AR model.
As proposed by Lizieri, Satchell & Wongwachara (2012) more sophistication can be brought into this model by allowing for regime switching features in the smoothing equation
(TAR-AR model) or in the return process (AR-TAR) or in both equations (TAR-TAR).
Indeed, regime switching in the smoothing equation reflects the fact appraisers work differently according to the economic context, while the regime switching in the return process reflects how it is altered across market situations.
In the case of the regime switching smoothing equation, (2) becomes:
where and are the desmoothing parameters prevailing in high and low regimes, respectively, and 1 ; −1 > and 1 ; −1 ≤ , indicate if the previous period was in a high or low regime according to ; −1 , the exogenous variable used for determining smoothing regimes, and is the threshold separating smoothing regimes.
In the same way, the return process (4) becomes:
where ( , ) and ( , ) are the return equation parameters prevailing in high and low regimes, respectively, and 1 ; −1 > and 1 ; −1 ≤ , indicate if the previous period was in a high or low regime according to ; −1 , the exogenous variable used for determining return process regimes, and , is the threshold separating return process regimes. The exogenous variable used for determining regime thresholds can be the same for the smoothing equation and the return process. As suggested by Lizieri, Satchell & Wongwachara (2012) we choose the stock market returns as the exogenous variable for both processes 2 .
Despite the additional flexibility brought to the desmoothing method by the TAR-TAR specification, it appears that the desmoothing procedure still produces extreme values while underlying series display relatively large changes. Treatment of extreme, outlying, observations can be addressed by means of robust statistical techniques. Hence, we propose to apply a robust time series filter to desmoothed series in order to overcome this outlier issue.
Several robust methods exist for filtering time series, as least median of square regression (Rousseeuw, 1984) , or deep regression (Rousseeuw & Hubert, 1999) . We choose to rely on the Tukey biweight (or bisquare) function with dynamic distribution parameters. The Tukey biweight function aims at underweighting observations whose distance from the center of the observed distribution is unlikely. The more unlikely is the observation, the more shrunk toward the central parameter of the distribution the observation will be. For very unlikely observations that trespass a given threshold, the value is reduced to equal the center of the distribution. Hence, in order to gauge if an observation is likely with respect to the whole observed distribution, under the assumption of normality, the function requires information on the central value of the distribution, , and on its dispersion, . In the usual static framework, the former can for example be taken as the distribution average or the median, and the latter as its standard deviation of even median absolute deviation. In addition, as mentioned above, a threshold, the so-called tuning constant, , must be defined 3 . Nevertheless, as we work in a dynamic framework, several adjustments must be made. In particular, because we assume the return series average and dispersion parameters change with time, we model the two parameters using an ARMA(1, 1)-GARCH(1, 1) model 4 applied on x, the series of returns 5 .
We iteratively fit this model on the interval
. Then, we can extrapolate for the following period the estimates the average parameter, ̂, and the volatility parameter, ̂. The observation robust weight at time t, , is therefore computed through the following two steps:
Now, the original value is replaced by its robust estimation computed as:
Then, the parameter estimation process is repeated successively for each following period in order to compute for all t 7 . Finally, we obtain a whole filtered series x rob .
Panel Regression Models
We regress excess total returns of each real estate exposure we investigate on macroeconomic risk factors and specific characteristics mentioned above. In order to identify a relatively large number of risk factors, while at the same time controlling for specific investment characteristics, a sufficient number of observations is required. Due to the quite low frequency of observations, implying relatively short time series for each asset (direct real estate, funds, and REITs), and the relatively large number of control variables that are included in the analysis, it is not possible to fit one model for each series. In order to offset the weakness of the time series dimension of the dataset, we take advantage of its crosssectional dimension as we have access sector/region indexes for direct real estate, fund-level data for funds, and company-level data for REITs. To model the available data properly we rely on panel regression techniques. Indeed, this class of statistical models takes advantage of the depth of the data while fulfilling the requirements implied by the time series data limitations mentioned above.
Our model specification also allows for random effects if needed (Laird & Ware, 1982) , which makes it possible to control for non-observed characteristics of identified clusters of data, leading to improved precision in the estimation. In a longitudinal setting such as ours, clusters are formed with repeated measures over time for a specific subject, i.e. for a specific asset (a sector/region index for direct real estate, a fund or a REIT). Each asset is considered as a specific subject and a random effect is placed on the variable pertaining to the real estate investments' ID. Including random effects is also helpful while the number of corresponding fixed effects to estimate is large and would consume lots of degrees of freedom. Indeed, if we wanted to model the residual return for each fund with fixed effects this would require the estimation of one coefficient for each index (each fund and each REIT, 7 Note that in the case that = 0, is taken as a missing value in the parameters estimation process and extrapolated values for ̂+ 1 and ̂+ 1 are set as the values computed at the previous period, ̂+ 1 and ̂. respectively), corresponding to intercept adjustments for each asset. Using random effects instead requires fitting only one coefficient, i.e. the variance of the distribution of residual asset returns 8 . The general equation of the mixed models we use is the following:
where r i,t is the n i × 1 response vector of excess returns for the n i assets of cluster i, at time t, X i,t the n i × p matrix of observations for fixed effect variables corresponding to assets of cluster i at time t, β the p × 1 vector of fixed effect coefficients common to all n assets of the full sample. Following the same logic, Z i,t is the n i × q matrix of random effect variables at time t, u i the q × 1 vector of random effect coefficients for cluster i, and ε i the n i × 1 vector of errors of cluster i. Ψ is the q × q covariance matrix of random effects and Σ i the n i × n i covariance matrix of errors of cluster i. Obviously, if the model has no random effects, cluster indices i and Z i,t u i vanish.
Data
In this research, we use U.S. data for the period 1979Q1-2016Q2. We consider five main sectors for real estate (apartments, hotels, industrial, offices, and retail) and four U. 10 60% is the threshold used in the Global Industrial Classification Structure (GICS) of MSCI we rely on for REITs. Hence, we apply the same criterion for non-listed funds. 11 For non-listed funds, desmoothing parameters are estimated on the ODCE Index and applied on each fund series. We do so as for some funds series are relatively short compared to the whole period of observation. 12 In models for risk factors analysis, the size variable is in real terms in order to neutralize the price effect. We do the same for REITs. 13 As the RSMeans series are available at the yearly frequency only, we rely on the CPI Shelter series and interpolation techniques for filling the intermediate quarters.
We investigate the impact on real estate excess returns of the following macroeconomic risk factors: Growth of GDP, money supply (M2), construction costs, the Conference Board leading Economic Indicator 14 , as well as expected inflation and the inflation surprise, the change in the 10-year interest rate, the unemployment rate, the VIX index, the term spread (the spread between the 10-year and the 3-month rates), the credit spread (Baa bond rates minus Aaa bond rates), and the stock market excess total returns (MSCI). Dummy variables for crisis periods are also added if necessary. Growth rates and interest rates are expressed in real terms.
Descriptive Analysis
We first present descriptive statistics about real estate investments. Figure 1 displays the breakdown of direct real estate, non-listed real estate and REIT samples by sector as of 2015Q3. It appears that both are very close: Offices is the largest category with 38% of market value, followed by apartments at 24%, retail slightly over 20%, industrial at almost 15% and hotels below 3%. In addition, non-listed funds invested 2% in storage, about 1% in other sectors and almost nothing in land. With respect to the main sectors for REITs, retail is the largest at 37%, apartments is still the second one with 24% which is very close to the figure for private markets, while offices is now third at 21%. With 8%, industrial has a smaller share than for private markets. The reverse holds for hotels which represent 9%. 
Non-Listed
Office 21%
Apartment 25%
Retail 37%
Industrial 8%
Hotel 9% observation is the difference between autocorrelations, which is slightly negative for the NTBI and 0.8 for the NPI. This large value illustrates well the smoothing issue coming from the appraiser behavior. The aforementioned elements explain the much higher Sharpe ratio for the NPI. When the NPI figures are desmoothed with the robust TAR-TAR method, the distribution characteristics are close to those of the NTBI. In particular, the volatility, Sharpe ratio, skewness, kurtosis and autocorrelations are very close to the NTBI figures. REITs display average total returns of 3.17% and a volatility of 9.09%. The skewness is more negative and the kurtosis higher than for the NTBI, while the autocorrelation of both series is low. The Sharpe ratio of REITs is higher than for direct real estate. For the non-listed ODCE fund index, original and desmoothed return series teach us a similar story than direct indices.
REITs
Indeed, once desmoothed, returns display volatility, autocorrelation and a Sharpe ratio that are more in line with a transaction-based index. In particular, average returns are also around 2%
while the volatility is 6.33%, slightly larger than for the NTBI. However, the Sharpe ratio is lower than for the NTBI. Statistics for stocks are as expected close to those of REITs. In particular, the Sharpe ratio of 0.54 is only 0.02 higher than that of REITs. With a volatility between 3% and 3.5%, the three bond indices have the lowest risk among all asset classes.
However, their average returns are around 2% like those of private real estate. Therefore, they show relatively high Sharpe ratios compared to most of real estate series, between 0.47 for 10-year government bonds and 0.68 for BBB corporate bonds. Now, we turn to summary statistics for macroeconomic and financial risk factors we consider in the panel models presented in Section 6. From Table 2 , we learn that for most of variables expressed as growth rates, the volatility is low (below 1%), but their autocorrelation is rather large (around 0.8).
Correlations presented in Table 3 Correlation coefficients below the diagonal are computed according to the Pearson method (used in other tables) and those being over the diagonal are computed according to the Kendall method. The latter produces a more robust metric as it neutralizes the influence of extremes and outlying values.
Results
Desmoothing Model Analysis
For our analysis, several desmoothing models are applied on national NCREIF appraisalbased index (NPI) price returns and compared with the corresponding transaction-based index (NTBI) series. As explained in the method section, for desmoothing purposes we work on price returns instead of total returns as smoothing does not affect income returns. The NPI is first desmoothed with the classic AR model. Then, the TAR-TAR method is applied. 
We observe that parameter estimates of the returns generating process of the TAR-TAR models are more significant than those of the AR model. Results are summarized in Table 3 , where is reported the proportion of series that fail to match the benchmark, for each type of desmoothed series and for each test.
Comparison tests show first, that according to the Kruskal-Wallis test distribution of no desmoothed series significantly differ to the one of its transaction-based counterpart at 95% confidence level 19 . However, according to the Brown-Forsyth test, one third of desmoothed series, whatever the type, is found having significantly different variance than the benchmark distribution. Regarding the Anderson-Darling test only from 0% to 22% of series are found to differ from the benchmark. Moreover, it seems that this proportion is systematically lower for robust series. The latter conclusion is the same, and even more pronounced, for the tracking error test. Table 3 indicates for each test, the proportion of desmoothed series that is found to significantly differ from the corresponding transaction-based one, at a 95% confidence level. 
Transaction-based (TBI) AR AR robust TAR-TAR TAR-TAR robust Table 4 and Figure 8 present statistics and boxplots of returns distribution for all series. Central parameters of desmoothed return distributions are close to the NPI ones (this is especially the case of the median). The autocorrelation levels of desmoothed return series are more in line with the NTBI autocorrelation level and significantly lower than that of the raw NPI. As expected, volatility increases significantly after desmoothing, from 2.14% for the NPI, to 8.80% for the AR model and 8.27% for the TAR-TAR model. Skewness of nonrobust series relatively more negative than the one of NTBI and their kurtosis is much larger.
Once the robust filter is applied, volatility, skewness, and kurtosis values move toward the NTBI counterparts. They are actually very close to the NTBI for the two robust alternatives.
Similarity with the NTBI is also measured by correlation and tracking error. The -23%  -19%  -15%  -11%  -7%  -3%  1%  5%  9%  13%  17%  21%  25% NTBI AR robust TAR-TAR robust
Risk Factor Analysis
As detailed in the method section, panel models presented in the following tables regress excess total returns of direct subindices, non-listed funds and REITs on a set of macroeconomic factors, specific investment characteristics, and control variables. First, we run models for direct appraisal-based, transaction-based, and desmoothed indices to check if the three kinds of indices display the same responses to risk factors. Due to the availability of transaction-based indices, we consider sector (except Hotel) and region subindices but not indices which consider both sector and region simultaneously, from 1994Q1. For identification reasons, we cannot include both sector and region dummies in the same model.
Results are contained in Table 5 . From this models comparison between, appraisal-based, transaction-based and desmoothed indices, it particularly appears appraisal-based help achieve a better explanatory power. The explanation could be that these indices represent a trend of the market better than they reflect shorter term variation. As such behavior is similar to the one of most of macroeconomics values we consider having also low volatility and rather large autocorrelation. In this first model, signs and magnitudes of coefficients are by and large relevant with respect to the theory and the bulk of literature. The two other models have lower explanatory power, fewer significant coefficients with one or two of them having counterintuitive signs. Therefore, in the further risk factor analysis of Section 8, we consider models with both appraisal-based and desmoothed series for direct and non-listed. For each model, coefficients estimates are presented with significance level. The significance level is symbolized by the stars, with "*", "**", and "***" corresponding to a p-value of 10%, 5% and 1% respectively. Note also that, for models regressing appraisal-based series, every risk factor is lagged one quarter more than what is indicated in the table. This is true except for expected inflation. growth, construction costs, the leading economic indicator positively affecting returns and the inflation surprise, the credit spread and the change in VIX negatively impacting upon returns.
For non-listed funds, as explained in the data section, we cannot distinguish between subregions and sectors as funds are largely diversified. However, we include controls for leverage and size. Funds with leverage lower than 5% 21 tend to underperform by 0.33% per quarter on average relative to funds using more leverage. Size appears to matter too as funds with less than $ 300 million 22 of assets perform worse than larger funds by -0.59% per quarter on average. Interestingly, regarding macroeconomic risk factors, we observe that the same coefficients than in the model with the original direct series are significant with the same sign.
In addition, most of these coefficients are not significantly different across models and are often very close. This suggests that non-listed funds react in the same way as direct real estate to risk factors. The response to changes in several macroeconomic risk factors is similar when desmoothed fund returns are considered. However, money supply, the credit spread and the VIX change are no longer significant, while unemployment and long-term interest rates become significant but with an unintuitive sign.
Finally, for REITs, hotels underperform apartments as is the case for direct real estate.
Other sectors do not exhibit differences in performance relative to apartments. Low leverage does not seem to be associated with lower returns as was found for funds 23 . However, size matters as REITs having less than $ 500 million of assets tend to underperform by 0.72% per quarter on average. In addition, REITs with price-earnings ratios greater than 13 have on average a lower quarterly performance by 0.62%. A surprisingly low number of risk factors display significant links with REITs returns. Only the inflation surprise, the credit spread, and the VIX change are identified. The sign of these coefficients corresponds to what has been found for other exposures while their magnitude is substantially greater. For each model, coefficients estimates are presented with significance level. The significance level is symbolized by the stars, with "*", "**", and "***" corresponding to a p-value of 10%, 5% and 1% respectively. Note also that, for models regressing direct or non-listed appraisal-based series, every risk factor is lagged one quarter more than what is indicated in the table. This is true except for expected inflation.
Conclusion
In this research, we have first shown how the application of a robust filtering method can improve features of desmoothed series by neutralizing outlying values that can be generated through the usual desmoothing process. This process is applied alternatively on the usual classic AR desmoothing model and the so-called TAR-TAR regime switching model. Results have shown that, once filtered, both desmoothing models are quite effective in replicating transaction-based return series. However, in addition to being conceptually more relevant, various analyses indicate that the TAR-TAR model is slightly preferable than the AR model.
The risk factor analysis has shown that the results with appraisal-based returns are largely in line with what would be expected according to theory and also that such models have a high explanatory power. In comparison, models fitted for corresponding transactionbased series produce lower explanatory power despite the fact that most of the estimated coefficients are in line with those of models with appraisal-based series. Regarding models based on desmoothed series, the explanatory power is usually quite low and fewer coefficients are found to be significant. The relatively good explanatory power obtained with the appraisal-based series can be linked to the fact that these series have low volatility, as most of the risk factors included in the models as explanatory variables, and mainly reflect a trend rather than contemporaneous variations. Conversely, by construction desmoothed series display higher volatility, as transaction-based series do, that can explain the lower explanatory power. The fewer significant coefficients found for models with desmoothed series likely results from the desmoothing process which introduces a large amount of noise that makes it more difficult to identify true signals in the data.
Our results further show that responses to risk factors for direct and non-listed real estate are close with respect to sign and magnitude. We generally identify positive links with GDP growth, expected inflation, money supply, construction costs, and the leading indicator.
In contrary, negative linkages are observed for the inflation surprise, the term and credit spreads, as well as the stock market volatility. Surprisingly, unemployment has a negative coefficient in models with appraisal-based indices and a counterintuitive positive coefficient in the model with desmoothed non-listed returns. For REITs, only the coefficients for the inflation surprise, the credit spread, and the stock market volatility are significant. These responses are substantially larger for REITs than for private investments. Specific characteristics matter too. For non-listed funds, we find that funds with very low leverage tend to underperform those with higher leverage. Smaller funds and REITs also tend to perform worse than larger entities. In addition, overpriced REITs with respect to priceearnings ratios tend to underperform.
The results contained in this paper stress the importance of considering both specific characteristics and macroeconomic risk factors while analyzing real estate investments whatever the selected type of exposure. In addition, our results show that non-listed openended funds are very similar to direct real estate investments as they respond in the same way to risk factors. Due to the gain in flexibility they allow, they constitute an interesting alternative to direct investments without their being impacted by financial risks like the stock market volatility as is the case for REITs.
